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A B S T R A C T   

Small public spaces are important for citizens to live and socialize with a high utilization rate. The vitality of 
small public space plays an important role in evaluating space quality and attraction and provides reference for 
urban governance issues such as vitality evaluation of public space, quality optimization, and site micro-renewal. 
Previous studies of vitality based on low-throughput surveys or big data with low positioning accuracy are not 
suitable for the high-efficiency study of small public space. In this study, a systematic framework of vitality 
quantification in small public spaces is built on fine-grained human trajectories extracted from videos for more 
efficient and refined human-oriented vitality evaluation. A multi-indicator vitality quantification method is first 
proposed to comprehensively represent human vitality, including number of people, duration of stay, motion 
speed, trajectory diversity and trajectory complexity. Furthermore, a video dataset of small public space along 
with our sub-index-assisted expert assessing scheme is proposed to evaluate our vitality quantification frame-
work. Finally, we analyze the correlation between quantitative vitality indicators and the expert-assessing vi-
tality through multiple linear regression and obtain the optimal vitality quantification model. The experimental 
results indicate that our dataset is reliable and the vitality quantification model constructed with our quantitative 
indicators can better characterize urban vitality than the previous model based on number of people and staying 
time.   

1. Introduction 

In urban areas, small public spaces exist in the gap of urban space 
and can be in the form of courtyard, patio, atrium, building gap, roof 
garden, etc. These spaces constitute a significant part of the public open 
space and are seen as the important symbols of the public realm because 
of their high utilization rate [1–3]. How to effectively evaluate the 
concepts and connotations of small public space vitality from a user’s 
perspective and improve the happiness of citizens’ lives has also been a 
significant concern of urbanologists, sociologists and urban planners 
[3–5]. 

It is still a challenge that how to collect information of urban space 
that represents vitality and evaluate space vitality in a cost-effective way 
[6]. In micro-scale public space, previous studies have been conducted 

using low-throughput surveys such as on-site observation [7–9], ques-
tionnaire survey [5,10,11], and so on. Although the traditional ap-
proaches can provide detailed and high-quality data, it is high-cost, 
time-consuming and hard to be implemented on a large scale. With the 
development of information technology, mobile signaling data [6,12, 
13], GPS data [14,15], LBS data [6,16–19] and social media data 
[20–22] become readily accessible data to facilitate vitality study in a 
large scale. Compared with traditional methods, they have the advan-
tages of extensive coverage, long observation period, and low acquisi-
tion cost. However, it is difficult to transform these methods for 
large-scale space to small public space research because of low data 
accuracy [3]. Therefore, it is necessary to propose a more systematic and 
complete vitality representation system based on high precision data for 
small public space. 
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As video data intuitively records fine-grained spatio-temporal in-
formation about humans, some researchers utilized video surveillance to 
depict the spatio-temporal activity information of pedestrians [3,23–26] 
and facial information [27]. These methods provided a novel approach 
to explore vitality in small public spaces. Based on video datasets and 
computer vision methods, Hou et al. [3] recorded the location of people 
to quantify the usage of small public spaces. Williams et al. [24] iden-
tified flows of people and generated social cohesion images with 
tracking algorithms. Yan et al. [25] extracted trajectories of humans 
from videos and analyzed the spatial and temporal distribution of stay. 
Likewise, Liang et al. [26] analyzed the relationship between the 
walking speed and climate based on trajectories. Wan et al. [27] 
recognized the faces and the emotional intention of every face using 
deep learning algorithms and identified that pedestrians’ emotion is also 
an important vitality representation factor. Yunqin et al. [23] utilized 
multi-object tracking algorithm to quantify vitality based on the 
pedestrian number and proposed classification algorithm to obtain 
activity-based vitality. These methods dealt with the data acquisition 
problems of traditional methods, avoided the shortcomings of 
non-visual big data, and enhanced the granularity and precision of 
crowd information. However, some of these methods [3,24,25] mainly 
focused on quantitative statistics of location information in spatial or 
temporal dimensions and qualitative discussion of human activity. Thus, 
there are still some unresolved problems. First of all, it is not compre-
hensive to quantify pedestrian activities using location information. The 
location reflects the number and distribution of people, but does not 
reflect the dynamic activity information of people. Secondly, compared 
with quantifying space vitality, the qualitative discussion is difficult to 
effectively carry out spatial comparison of multiple small public spaces, 
which is not conducive to researchers’ overall grasp of space. At last, it 
has not been verified the accuracy of the large-scale or micro-scale 
methods used to characterize spatial vitality. Although the informa-
tion of activity type was utilized in Ref. [23], this method also ignored 
the details of individual activity and did not verify the accuracy of vi-
tality quantification values. 

Gehl emphasized that vitality is not only the product of the number 
and staying duration of people, but the diverse activities combine to 
make communal spaces in cities and residential areas meaningful and 
attractive [1], which is mostly ignored by previous studies. On the other 
hand, a large number of studies show that the location distribution of 
people, state of a crowd in public space and rich dynamic activity in-
formation are contained in people’s trajectories [28–30]. Furthermore, 
the trajectory structure can reflect behavioral characteristics and 
behavioral types intuitionally [31,32]. Therefore, the analysis of tra-
jectories is of great interest to explore activity types and activity di-
versity so as to implement the comprehensive measurement of space 
vitality. 

In this study, a new vitality quantification framework is developed to 
understand the vitality representation of small public spaces from 
multiple perspectives based on human trajectories. According to the 
vitality connotations proposed by Gehl [1], we introduce the analysis 
methods of human trajectory to construct five quantitative vitality in-
dicators which are the number of people, the duration of staying, motion 
speed, trajectory diversity and trajectory complexity to represent vitality. 
Among them, through analyzing human trajectories to mine the details 
of activity information comprehensively, trajectory diversity and trajec-
tory complexity are proposed to fill the gaps of vitality quantification in 
small public space. We also collect a video dataset of small public space 
and propose a vitality expert rating system to verify the reliability of 
each quantitative indicator. In order to make expert panelists pay 
attention to people-oriented multifaceted vitality representation factors 
during overall vitality assessment [1,27,33–35], we formulate four 
subjective sub-indexes: activity intensity, activity diversity, activity sus-
tainability, pedestrian emotion and an overall vitality evaluation index: 
overall vitality. Correspondingly, we propose an expert rating process in 
which panelists assess the overall vitality referring to their expertise and 

their understanding of vitality. The overall vitality will be used as the 
ground truth of vitality in experimental analysis. Finally, we obtain the 
optimal vitality quantification model by analyzing correlation between 
the quantitative indicators and the overall vitality. 

The main contributions of this paper are as follows: 

1. A novel vitality quantification framework is proposed. This frame-
work includes the definitions and calculation methods of five 
quantitative indicators of vitality which are number of people (num), 
duration of stay (dur), motion speed (sp), trajectory diversity (TD) 
and trajectory complexity (TC). Specifically, sophisticated TD and TC 
are proposed to improve the comprehensiveness and accuracy of 
vitality representation.  

2. A dataset along with expert evaluated scores is proposed specifically 
for small public space research to evaluate our vitality quantification 
framework. It will also contribute to the study of vitality represen-
tation of small public space from a user’s perspective. Correspond-
ingly, a people-oriented expert rating method for vitality is proposed 
to guide the panelists to perceive various vitality representation 
factors and assess overall vitality comprehensively.  

3. We analyze the relationship between our quantitative indicators of 
vitality and overall vitality. Meanwhile, we obtain the optimal vi-
tality quantification model. And it is verified that the trajectory di-
versity and trajectory complexity have great contributions to vitality 
representation and our vitality quantification model yields higher 
goodness of fit than the model constructed with shallow attributes 
which are number of people and staying time. 

The remainder of this paper is organized as follows: Section 2 gives 
details of our study framework; Section 3 presents the experiment and 
the results of the proposed framework; Section 4 summarizes the 
experiment results and discusses the significance and limitations of this 
study; Section 5 concludes remarks. 

2. Methodology 

According to the vitality connotations proposed by Gehl [1], how 
many people use the public spaces, how long their activities last, which 
activity types can develop and the diversity of these activities are of 
great significance to the creation of vitality. In addition, some classical 
researches [33,36] also indicated that it is more meaningful and 
reasonable to quantify vitality as a multifaceted indicator. Generally 
speaking, as a multifaceted indicator, vitality should be composed of the 
following elements: number of people, activity duration, activity di-
versity and activity type as shown in Fig. 1. Thus we must improve the 
usual method to explore more fine and dynamic activity information in 
small public spaces so as to represent vitality completely. Owing to video 
data which contains rich human information and their activity details, 
we would analyze video data to measure multifaceted vitality in a 
human-oriented perspective with computer vision algorithms. Further-
more, at the micro spatial scale, the fine-grained trajectory contains 
details of human activity including location distribution, grouping state, 
activity duration, activity diversity and behavior types. Therefore, 
through analyzing human trajectories extracted from videos, we propose 
a vitality quantification framework. 

Fig. 1. Representation elements of vitality.  
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2.1. The overall methodological framework 

As shown in Fig. 2, firstly, based on the representation elements of 
vitality proposed by classical researches [1,33,36] as shown in Fig. 1, we 
construct a set of vitality representation factors which include number of 
people, duration of staying people, speed of passing people, activity 
diversity and activity type. Among them, duration of staying and speed 
of passing people are separately utilized to represent the activity dura-
tion of staying people and passing people. And then, we utilize computer 
vision algorithms to process videos and extract human trajectories. After 
that, corresponding to the set of vitality factors, we explore human ac-
tivities contained in trajectories and propose five quantitative indicators 
which are the number of people (num), the duration of stay (dur), motion 
speed (sp), trajectory diversity (TD) and trajectory complexity (TC). 
Their specific calculation methods are given in Section 2.2. The corre-
spondence between vitality elements, the set of representation factors 
and quantitative indicators is shown in Table 1. In Section 2.3, we collect 
a video dataset of small public spaces and propose a subjective expert 
rating method to evaluate the overall vitality (vitality). Afterward, 
through the correlation analysis of quantitative indicators and vitality 
scores, we measure the contributions of our quantitative indicators to 
the overall vitality and the optimal vitality quantification model is ob-
tained in Section 2.4. 

2.2. Quantitative vitality indicators of small public space 

A quantitative study of space vitality brings new insights for evalu-
ating space quality and attraction. However, because shallow attributes 
such as number of people and staying time are often used as the proxy 
for vitality, it still has limited knowledge of the relations between peo-
ple’s diverse social activities and urban vitality in small public spaces. 
Therefore, based on video data, we propose trajectory diversity and 
trajectory complexity to characterize people’s activities besides the 
number of people, staying time and speed of movement. In the following 
part, we will explain the meaning and calculation method of each 
indicator. 

2.2.1. The number of people (num) 
The number of people that can be observed outdoors in a small public 

space is an indication of the attractiveness of the space [1]. We use 
multi-object detecting and tracking algorithms to extract pedestrian 
trajectories in videos and the number of trajectories represents the 
number of people in the shooting space during the shooting time. 
Because there are tracking errors, we use the trajectories after filtering 
which is introduced in Section 3.1. That is to say, the results don’t 
include pedestrians that are heavily occluded or too small to unclear in 
the videos. 

2.2.2. Trajectory diversity (TD) 
Previous classic researches [1,6,33,36] stressed that a variety of ac-

tivities make a significant contribution to the creation of vitality. For the 

activity diversity, Gehl proposed that multiple groups and a variety of 
social activities correspond to activity richness [1]. Thus the number of 
activities, the number of people participating in each activity and the 
difference between human activities contain the important information 
of activity diversity. On the one hand, the structure difference of tra-
jectories can reflect the heterogeneity of activity intuitively and the 
trajectory clustering can recognize the activity groups effectively. On the 
other hand, since Shannon entropy [37] is determined by “uncertainly” 
and “specificity” in Information Theory, it is well-suited to measuring 
the specificity and diversity of activities in public space. Therefore, we 
propose a new diversity proxy that is trajectory diversity based on 
Shannon entropy and human trajectory. We recognize the trajectory 
clusters of different activities at first, and meanwhile, we calculate the 
structure difference between trajectories participated in diverse activ-
ities. Based on these differences and clustering results, we utilize the 
Shannon entropy to measure the specificity of each activity which adds 
up to trajectory diversity. 

2.2.2.1. The recognition of trajectory clusters of different activities. In 
order to distinguish the clusters participating in different activities and 
calculate the structure difference of trajectories, we design a two-step 
clustering method using spatio-temporal distance and structure dis-
tance between trajectories respectively. 

As shown in Fig. 3(a), at first, we extract and preprocess trajectories 
with detecting and tracking algorithms. And then, in our first step of the 
clustering method, we detect each group in which people move together 
because the same group of people walking together have similar activity 
types. We use Fréchet distance [38] to measure the distance between 
each spatio-temporal trajectory pair and obtain the spatiotemporal 
distance matrix. After that, hierarchical clustering [39] is adopted to 
cluster those people who move together, that is, keep consistent in their 
behaviors. For instance, as shown in Fig. 3(b), these people with id 1, 4, 
8 and 10 sitting together and eating hot pot are detected to be group1, 
the people with id 13 and 14 walking together are grouped, and the 
people with id 5 and 3 walking together are grouped. At the same time, 
the others are divided into solo groups. We can also observe the result in 
3D system of coordinates and these 3D trajectories with the same color 
are clustered into the same group. 

Though the first step achieves group clustering, it can only guarantee 

Fig. 2. Research framework.  

Table 1 
The correspondence between vitality elements, factors and quantitative 
indicators.  

Vitality representation 
elements 

Vitality representation 
factors 

Quantitative vitality 
indicators 

Number of people Number of people Number of people (num) 
Activity duration Duration of staying 

people 
Duration of stay (dur) 

Speed of passing people Motion speed (sp) 
Activity diversity Activity diversity Trajectory diversity (TD) 

Activity type Activity type Trajectory complexity 
(TC)  
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that people in the same group have similar behavior patterns, but cannot 
guarantee that each group includes all of the people with a unique ac-
tivity type. Thus in our second step of the clustering method, in order to 
achieve more accurate clustering, we detect each cluster by merging 
groups in which people participate in similar activity even though these 
groups are far away from each other in spatio-temporal dimension. In 
this step, we design the calculation method of structure distance matrix 
which is given in Section 2.2.2.2. On the basis of the matrix, groups are 
merged into clusters by hierarchical clustering methods. For example, as 
shown in Fig. 3(c), those people in group2 and group7 are merged to 
cluster3 because of their same direction and the similar moving path. We 
also can observe the final result in plane-coordinate system and these 
trajectories with the same color are merged into the same cluster. 

2.2.2.2. The calculation method of structure difference. As shown in 
Fig. 4, each trajectory consists of time-discrete sampling points. The 
vectors composed by these discrete sample points contain the key in-
formation of trajectory structure. Among them, the red global vector 
represents moving direction and speed. In addition, these black local 
vectors embody trajectory shape and structure. Thus, through 
measuring angle difference and length difference at both local and 
global scales, we propose trajectory structure difference (SD). In order to 
fuse as many groups as possible that participate in the same behavior to 
reduce the error, the minimum value in structural distances of all of the 
permutations and combinations of trajectories from two groups is 
designed to the distance between these two groups. Finally, we obtained 
the structure distance matrix of groups. 

Fig. 3. Distinguishing the groups participating in different activities.  

Fig. 4. Calculating structure difference matrix of groups.  
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We use angle difference and length difference at both local and 
global scales to calculate the morphological structure difference be-
tween trajectory P and Q. Trajectory P is represented by local vector 
{ p→i}

n
i=1 and global vector p→global, and trajectory Q is represented by local 

vector { q→i}
m
i=1 and global vector q→global. Let θglobal be the angle difference 

between global vector p→global and p→global, and lglobal be the length dif-
ference between global vectors of two trajectories. Then, θi is the cosine 
difference between p→i and q→i, and li is the length difference between p→i 

and q→i. The morphological structure difference between trajectory P 
and Q are defined as Eq. (1). The larger the distance is, the greater the 
morphological difference is. 

SD(P,Q)= θgloballglobal⋅
∑n

i=1
θili (1)  

where the cosine difference is calculated as Eq. (2) and the length dif-
ference is calculated as Eq. (3). 

θi

(

p→i, q→i

)

= arc cos

⎛
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⃒
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2

⎞
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⃒
⃒
⃒
⃒

2

)

min
(
⃦
⃦ p→i

⃒
⃒
⃒
⃒

2,
⃦
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⃒
⃒
⃒
⃒

2

) (3)  

2.2.2.3. The calculation of trajectory diversity. For a particular trajec-
tory, the lower its similarity with all types of trajectory in space, the 
larger its specificity, and the greater its contribution to diversity is. In 
addition, the Shannon entropy can be utilized to measure the specificity 
of components of a system to some extent [40]. Therefore, based on 
clustering results and trajectory structure differences, we calculate tra-
jectory diversity in terms of entropy. 

Firstly, we define the calculation formula of spatial trajectory en-
tropy as Eq. (6) to represent the specificity of each trajectory. In the Eq. 
(4), pi(ti, tc) is the proportion of the structural difference SD(ti, tc) be-
tween trajectory ti and center trajectory tc of each clustering center, and 
clus is the number of trajectory clusters. In the Eq. (5), H(ti) is the tra-
jectory entropy of the single trajectory ti which represents the hetero-
geneity between ti and other trajectories of different types. And finally, 
as shown in Eq. (6), we defined the trajectory diversity as the average of 
each spatial trajectory entropy, where H(S) is the final trajectory di-
versity and n is the number of trajectories. The larger H(S) is, the more 
uniform the distribution of different trajectory types in space is, and the 
richer the behavior types are. 

pi(ti, tc)=
SD(ti, tc)

∑clus
c=1SD(ti, tc)

(4)  

H(ti)= −
∑clus

c=1
pi(ti, tc)log(pi(ti, tc)) (5)  

H(S) =
∑n

i=1H(ti)

n
(6)  

2.2.3. Trajectory complexity (TC) 
Gehl [1] has proposed that in a good environment, a completely 

different, broad spectrum of human activities is possible and when 
outdoor areas are of poor quality, only strictly necessary activities occur. 
Concretely, Gehl divided outdoor behaviors in public spaces into three 
types: necessary behaviors, optional behaviors and social behaviors [1]. 
Necessary behavior is an inevitable life affair and daily work, so it has 
little relationship with the external environment and has a low leisure 
degree. Optional behavior can only occur when the time and place are 
suitable and people have the willingness to participate. Such activities 
depend on external material conditions and can only occur in a large 

number of high-quality outdoor activity spaces. Social behavior depends 
on the participation of others and the external material environment to a 
certain extent. That is to say, different types of behavior represent 
different degrees of vibrancy. In the small public space, passing is usu-
ally a necessary behavior, while other activities such as resting, sitting, 
stopping to communicate, sightseeing and taking photos belong to 
optional and social behaviors. The passing pedestrians have a strong 
moving purpose and low liveliness, and the trajectory shape is a mostly 
simple straight line. While the optional and social activities have strong 
randomness and great difference in the trajectory. Therefore, based on 
trajectories we propose a new indicator which is the trajectory 
complexity to represent the activity liveliness. 

As shown in Fig. 5, a sample scene in our dataset is selected to display 
the characteristics and differences of trajectory structures. The Fig. 5(a) 
shows the trajectories in the sample scene. We select four trajectories to 
show the details. Among them, two trajectories of passing people and 
two trajectories of leisure people are shown in Fig. 5(b). The trajectory 
structures of passing people approximate straight lines, however, the 
trajectories of leisure people are complicated and confused. In addition, 
we utilize the minimum description length(MDL) principle [41] to 
extract inflection points which are shown in Fig. 5(c).There are few 
inflection points in the trajectory of passing people and the vectors 
extracted by connecting adjacent inflection points are similar. And 
conversely, the trajectories of leisure people are composed of multiple 
inflection points and the vectors are great variables. That is, differences 
between behaviors are mainly reflected in the inflection points and the 
variations of these vectors. Thus, based on these inflection points and 
vectors, we propose the measurement method of trajectory complexity. 

Firstly, we extract the inflection points of each trajectory using MDL. 
And then through connecting adjacent inflection points, we extract their 
vectors. Finally, in order to explore the complexity contained in the 
variations of vectors, we design the calculation method as Eq. (7): 

Cj =
∑m− 1

i=1
θijlij (7)  

TC=

∑n
j=1Cj

n
(8)  

where Cj is the complexity of the j-th trajectory and m is the number of 
the trajectory segment vectors of the j-th trajectory. θij and lij is the angle 
difference and length difference between the i-th trajectory segment 
vector and i+1-th trajectory segment vector of the j-th trajectory 
respectively. They are calculated according to Eq. (2) and Eq. (3). The 
greater the difference is, the greater the change in motion direction and 
velocity will be, and the more complex the trajectory will be. And 
finally, as shown in Eq. (8), we calculate the average of Cj to measure our 
trajectory complexity of the scene, where n is the number of trajectories. 

2.2.4. The duration of stay (dur) 
The overall social activity or liveliness of an environment is a product 

of the number of people and the duration of their stay [1]. In this paper, 
the duration of stay is the total length of stay including each person 
engaged in fixed or continuous activities. As same as Section 2.2.3, the 
trajectory of staying people is composed of more inflection points or 
staying points. Thus, we proposed a method to detect staying people 
based on extraction of inflection and staying points. As shown in Fig. 6, 
we utilize a stop point identification method based on density [42] to 
detect the trajectory stop points of each pedestrian. And we extract the 
inflection point of each trajectory using the minimum description length 
(MDL) principle [41]. Only those who have a stop point or multiple 
inflection points in their trajectories participate in fixed or continuous 
activities. Therefore, if the number of stop points or the number of in-
flection points exceeds the threshold, these people are identified as 
staying people. 

Finally, we calculate the duration of stay by summing each person’s 
activity duration. These staying person’s activity duration is the 
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difference between the end frame and the start frame of his/her tra-
jectory and passing people have no staying time. The calculation of 
staying time is shown in Eq. (9) and Eq. (10), where Tstay is the trajectory 
set of staying people, ti is the i-th trajectory in the set, ei and si are the end 
frame and start frame of ti, di is the staying duration of ti, and dur is the 
duration of stay. The larger duration of stay indicates that there are more 
people participated in fixed or continuous activities, these activities last 
longer. And this space tends to grow in vitality. In our study, the longest 
di of each trajectory is 1 min which is limited by the length of our video 
data. 

di =

{ ei − si ti ∈ Tstay

0 ti ∕∈ Tstay
(9)  

dur =
∑len(Tstay)

i=1
di (10)  

2.2.5. Motion speed (sp) 
The speed of people’s walking and the duration they stay reflect the 

quality of physical places in public space to some extent. The spaces that 
make people slow down and want to stay always provide high quality 
environment and fun [34]. For the space without staying people, 
pedestrian speeds also reflect the space vitality to a certain extent. Thus, 
motion speed is a very significant representation factor of vitality and we 
propose ‘sp’ to quantify motion speed. The recognition method of 
passing people is as same as Section 2.2.4, and these people not 
belonging to the set of staying people are passing people. Motion speed 
is the average motion speed of passing people. As shown in Eq. (11), we 
calculate the movement speed of each pedestrian based on the trajectory 
points at first, where tj = {p1, p2, ..., plen(t)}j represents the j-th trajectory 
consisting of len(t) trajectory points, and |pi − pi− 1| is the euclidean dis-
tance between two consecutive points. And then, we calculate the 
average of these movement speed as shown in Eq. (12), where n is the 
number of trajectories. 

speedj =

∑len(t)
i=1 |pi − pi− 1|

len(t)
(11)  

sp=
∑n

j=1speedj

n
(12)  

2.3. Video dataset construction based on people-oriented vitality 
assessment 

In order to verify the reliability of our vitality quantitation method, 
we collect 48 videos of small public spaces at first. Before collecting 
videos, we formulated a data collection and research proposal referring 
to the previous researches [3,24] so as to conduct the study following 
research ethics. The specific measures of ethics maintenance in data 
collection are as follows: on the one hand, we obtained the permission 
from each sub-district office for conducting social observation experi-
ments. We also signed agreements with each sub-district office, stating 
that collected videos would only be used for research, the data will not 
be shared with the third party, and the personal attributes needed to be 
blurred after collecting data. On the other hand, we posted notice to 
explain to people who entered the shooting space that they were being 
recorded, the videos are only used for observation research, the research 
is related to crowd behavior, not to individuals and it is promised that 
the facial and vocal information will be blurred. In addition, we shot in 
outdoor public spaces, thus, people could still see that they were being 
observed, even if they did not read the notices. Ethical approval for this 
study was granted by Ethics Committee on Biomedical Research, West 
China Hospital of Sichuan University (Reference No.: 2021-1072). 

2.3.1. Dataset collection 
In Wuhou District, Jinjiang District and Shuangliu District in 

Chengdu City, we randomly selected 48 small-scale public spaces as 
sample spaces including commercial areas, leisure areas, education 
areas and residential areas with different intensity of vitality. Sampling 
sites are small public spaces, including gaps between buildings, street 
corners, extension plazas in front of buildings, and pocket parks. Among 
them, street-corner small-scale public space is located at the intersection 
of several roads (two or more) instead of the two sides of roads. The size 
of each research area is equivalent to the size of scene that the camera 
can capture from a height of 4–5 m with a pitching angle of 45◦ down. 

From April to June 2021, between 2 and 6 p.m. on workdays, we 
shoot more than a minute video of each selected site within normal 
weather and clipped a minute clip from each video in our experiment. In 
order to reduce the error caused by the occlusion between pedestrians 
and prevent the shaking of the shooting, we set up a 1.7-m tripod on the 
second floor of the buildings or the overpasses and set the shooting angle 
to 45◦ down which is similar to the surveillance camera. And we use the 
same mobile phone to film each video with the resolution of 1920 ×
1080 to ensure consistent video quality. Besides these, in order to 
explore the crowd gathering situation and the true structure of the tra-
jectory, we record a rectangle on each site by placing landmarks and 
measured its size, which was used to convert pixel position coordinates 
into world coordinates [43,44] in our experiment. 

2.3.2. People-oriented vitality assessment indexes 
At present, multiple perceptual qualities have been developed to 

guide experts to perceive the space design quality and measure urban 
design [45]. These measurement indexes of space design quality are 
mainly used to evaluate the quality of built environment elements and 

Fig. 5. The structure difference between trajectories.  

Fig. 6. Staying people detection.  
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they are not direct representation indicators of vitality. According to 
vitality representation factors proposed by Gehl [1], people and their 
activity are the main and intuitive representations of spatial vitality. 
Therefore, we propose a people-centered expert assessing the method of 
vitality. Our expert scoring method is composed of sub-evaluation in-
dexes and a process in which the sub-indexes guide panelists mainly 
focus on Gehl’s theories [1,34]. These sub-indexes are defined with 
conceptual description of vitality and proposed to unify assessment 
criteria so as to reduce the impact of other vitality theories on expert 
assessments. Based on previous researches about vitality representation, 
the flow of people, duration of staying and various activities have great 
contributions to vitality representation [1]. Moreover, the dispersion or 
aggregation of crowds [35], passing speed [34] and people emotion [27] 
also have significance for vitality representation. Thus, we summarize 
the previous researches and propose our expert assessment system 
which is composed of the overall vitality and four subjective sub-indexes 
which are activity intensity (AI), activity diversity (AD), activity sus-
tainability (AS) and pedestrian emotion (PE). In our scoring process, 
these four sub-indexes are evaluated by panelists at first, so as to make 
panelists understand and pay attention to people-oriented vitality rep-
resentations comprehensively. And then, based on their perception and 
expertise, it is more possible for them to assign more reasonable and 

reliable overall vitality scores. However, the scores of sub-indexes have 
no direct effect on the final vitality values and panelists are completely 
unaware of the quantitative indicators. In general, the panelists’ un-
derstanding of vitality and their own professional experience is the basis 
of assessing vitality. The rating standards and samples of sub-indexes are 
shown in Fig. 7. 

2.3.2.1. Activity intensity (AI). AI is defined as the degree of the liveli-
ness of the people in a small public space. A place would appear lively if 
large numbers of people stay for short durations or fewer people stay for 
longer durations [1]. Therefore, AI is composed of two conditions: the 
number of people passing by that is staying for a short duration and the 
number of people staying for a longer duration. We divide the AI into 
five grades and the specific rating standard and samples are shown in 
Fig. 7(a). 

2.3.2.2. Activity diversity (AD). AD is defined as the richness of activ-
ities in a small public space. Since characteristic of best used small public 
space is a higher proportion of groups rather than solitary individuals 
with a human-oriented perspective [35]. If there are people divided into 
multiple groups to carry out a variety of social activities, activities are 

Fig. 7. Rating standards and samples of sub-indexes.  
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richness [1]. In addition, a small public space with scattered walking 
directions is more abundant than scenes with a single walking direction 
if there are only passerby. Therefore, AD is composed of three condi-
tions: activity category, walking direction and grouping situation. We 
also divide the AD into five grades and the specific rating standard and 
samples are shown in Fig. 7(b). 

2.3.2.3. Activity sustainability (AS). AS is defined as the degree of peo-
ple staying in spaces, the activity sustainability of staying people is 
related to their staying time, and passing people is related to their 
moving speed [34]. Therefore, AS is composed of two conditions: stay-
ing time and moving speed. We also divide the AS into five grades and 
the specific rating standard and samples are shown in Fig. 7(c). 

2.3.2.4. Pedestrian emotion (PE). Considering that pedestrian emotion 
is also an important vitality representation factor [27], we invite PE and 
define it as the overall pedestrian emotion and the atmosphere of the 
scene. We also divide the PE into five grades relying on whether the 
atmosphere is relaxed or hurried and nervous. The specific rating stan-
dard and samples are shown in Fig. 7(d). 

2.3.2.5. Overall vitality. Inspired by Jacobs [33] and Gehl [1], the 
overall vitality is defined as the people and their activities that can be 
observed in space, and it is the product of the quantity, types and 
duration of various activities. Experts need to combine the under-
standing of the sub-indexes with knowledge of the urban planning field 
to assign the spatial vitality ratings subjectively which is divided into 
five grades. 

2.3.3. Vitality assessment process 
We propose the expert scoring process that the sub-indexes guide the 

overall vitality scoring with a multiple-cycle rating and score checking, 
so as to reduce individual subjective deviations. Especially, we design 
rating one video after another and rating one index after another which 
are all the sub-index scoring. Of these, during rating one video after 
another, panelists need to consider the overall information of each 
video, so as to strengthen their familiarity with the videos. During rating 
one indicator after another, it is easier for experts to measure each video 
using uniform criteria and familiarize themselves with each sub-index. 
After sub-index scoring, panelists would have a more comprehensive 
view of vitality and would assign a fairer score. The rating process is as 
show in Fig. 8 and the details of process are as follows:  

1. Familiar with vitality indicators: Present the evaluation indicators 
with panelists in advance, and explain their doubts. At the same time, 
show them sample videos in order to let the experts better under-
stand the score range.  

2. Familiar with videos: The panelists browse each video at least twice 
to get the overall information of the video, such as the flow of people, 
behavior, passing speed, activity continuity, atmosphere, etc.  

3. Rating one video after another: The panelists assign ratings to the 
four sub-indexes of a video on a 1–5 Likert scale before moving on to 
the next video. Panelists would watch the videos one time in a loop.  

4. Rating one indicator after another: The panelists assign rating to 
one sub-indexes of each videos on a 1-5 Likert scale and then moving 
on to the next sub-index. Panelists would watch the videos four times 
in a loop.  

5. Score checking: The panelists compare two scores of each video to 
check the sub-index scores and watch this video again to determine 
values if the scores are different.  

6. Rating overall vitality: The panelists assign quantitative ratings to 
the overall vitality of a video on a 1–5 Likert scale based on profes-
sional knowledge in the field of urban planning and referring to the 
four sub-indexes. 

2.4. Construction of vitality quantification model 

In order to explore the relationship between our quantitative vitality 
indicators with overall vitality scores and obtain the vitality quantifi-
cation model, we conduct correlation analysis based on stepwise mul-
tiple linear regression using SPSS software [6,46]. 

For our analysis, let numi, duri, spi, TDi and TCi, i = {1, 2,⋯, 48}
represent our quantitative indicators: the number of people, duration of 
stay, motion speed, trajectory diversity and trajectory complexity of the 
i-th scene in dataset respectively. Consequently, for a typical scene i, the 
vitality descriptor can be represented by the vector matrix: 

Q= [numi, duri, spi,TDi,TCi]
T (13) 

Finally, taking these vitality descriptors as independent variables 
and the vitality scores that panelists assigned to our dataset as depen-
dent variables, we can proceed for stepwise multiple linear regression 
analysis. Using this, the multiple linear regression analysis model of the 
typical scene i is as follows: 

Yi =B1numi + B2duri + B3spi + B4TDi + B5TCi + c = BQ + c (14)  

B= [B1,B2,B3,B4,B5] (15)  

where c is the constant of the model which represents unobserved error 
term, the B is the regression coefficient matrix, which indicates the 
quantitative relationship between our quantitative indicators and the 
result of overall vitality scoring, but not the contribution of each indi-
cator in the multi-linear regression analysis model. To compare the 
contribution of each independent variable to the vitality representation, 
the influence of the unit must be eliminated [47]. That is to say, it is 
necessary to standardize the variable values after regression and the 
standardized value is calculated by the usual method that the variable 
minus its mean and divided by its standard deviation estimate. The 
standardized regression model: 

Y∗
i =Beta1num∗

i + Beta2dur∗i + Beta3sp∗
i + Beta4TD∗

i + Beta5TC∗
i + c (16)  

Y∗
i =(Yi − Y)

/
σY (17) 

Fig. 8. The vitality assessment process.  
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num∗
i =(numi − num)

/
σnum (18)  

dur∗i =(duri − dur)
/

σdur (19)  

sp∗
i =(spi − sp)

/
σsp (20)  

TD∗
i =(TDi − TD)

/
σTD (21)  

TC∗
i =(TCi − TC)

/
σTC (22)  

where the Betai denotes the standardized coefficient. Finally, the effect 
of each quantitative indicator on the model of vitality quantification 
could be measured by the standardized coefficient of each independent 
variable. The larger the coefficient value, the greater the influence on 
the dependent variable. 

3. Experiment and analysis 

In order to verify our vitality quantification method, we have con-
ducted comprehensive experiments. Before calculating our quantitative 
vitality indicators, we preprocess dataset and extract human trajectories 
at first. And then, we first demonstrate the effectiveness of our dataset 
and the reliability of the expert rating system. On the other hand, we 
explore the relationship between four subjective sub-indexes with 
overall vitality scores. And finally, in order to verify the reliability of 
vitality characterization, we explore the correlation between overall 
vitality scores and five quantitative vitality indicators that we proposed. 
Furthermore, we obtain the optimal vitality quantification model. 

3.1. Data processing 

Data preprocessing method includes four aspects: a) video clip, b) 
pedestrian trajectory extraction, c) position coordinate transformation, 
d) trajectory denoising. The specific process for each video is as shown in 
Fig. 9: first, we clip a minute clip from each video, where the frame is 
smooth and stable. Second, in order to yield trajectories accurately and 
fast, we select the latest YOLOv5 detector [48] to locate multiple pe-
destrians in every image of the video and use a classic tracking method 
DeepSort tracker [49] to associate the same pedestrians between two 
images. Third, because the shape and distribution of trajectories are 
influenced by the cameras’ angle, it is necessary to transform the orig-
inal perspective video into the bird’s eye view to study the behavior in 
the world coordinates, and we use the perspective transformation 
method [43,44] to accomplish the coordinate transformation. Forth, we 
propose a trajectory denoising method that the incomplete short tra-
jectories are deleted by filtering the trajectories with less than 90 frames 
to reduce occluded and blur objects and the trajectories are subsampled 
in 30:1 to reduce trajectory point drift. Although we cannot tackle 
tracking error to extract perfect trajectory, from the human-oriented 
perspective of vitality station, the close and clear individual motion 
trajectory has a greater contribution to vitality, while the tracking error 
of the severely obscured and too fuzzy individuals have little impact on 
the quantitative analysis of vitality. With the development of 
multi-target tracking technology, higher performance algorithms can be 
directly introduced into the method of this paper to improve the accu-
racy of vitality quantization. 

3.2. Experiment design and setting 

The expert assessment is the basis for the construction of dataset and 
evaluation of proposed vitality quantification method. In order to verify 
the reliability of assessment results and the efficiency of assessment 
system, we utilize intra-class correlation coefficients (ICCs) to evaluate 
score consistency of each sub-index and overall vitality. On the other 
hand, we explore the relationship between four sub-indexes and the 
overall vitality using the stepwise multiple linear regression analysis 
method to explore the panelists’ focus so as to verify the efficiency of 
proposed expert assessment system. 

Through our vitality quantification system, we calculate the quan-
titative vitality indicators. And among them, in our measurement of 
duration of stay, we set thresholdinf as 3 and thresholds as 1. Based on 
verified dataset, we implement the stepwise multiple linear regression 
analysis to explore the correlation between overall vitality scores and 
our five quantitative vitality indicators, so as to verify the reliability of 
proposed quantitative vitality indicators and explore the contribution of 
each indicator to the overall vitality. 

3.3. Evaluation methods 

3.3.1. Reliability evaluation of expert assessment 
In order to evaluate and verify the reliability of expert scoring re-

sults, we choose ICCs and Cronbach’s alpha as the evaluation metrics:  

1) The ICC is the preferred measure of inter-rater reliability when cases 
are rated in terms of some interval variable or interval-like variable, 
such as the Likert scales our expert panel used to rate scenes [50]. 
And it is sensitive to both random error and systematic error. Ac-
cording to the criteria [51] used in Measuring Urban Design [45], 
ICCs > 0.8 are perfect, 0.8 > ICCs > 0.6 are substantial, 0.6 > ICCs >
0.4 are moderate, 0.4 > ICCs > 0.2 are fair and ICCs < 0.2 are slight.  

2) Cronbach’s alpha is also a method of examining inter-rater reliability 
and is the most commonly used reliability analysis method in social 
science research. 0.8 > Cronbach’s alpha > 0.7 are regarded as 
satisfactory [52]. 

We carry out these two metrics utilizing SPSS software [53]. In order 
to evaluate the absolute consistency and repeatability of our expert 
rating result, we choose two-way random model, single rater type and 
absolute agreement definition in SPSS software [53]. 

3.3.2. Correlation analysis 
Our correlation analysis is based on the stepwise multiple linear 

regression. The basic idea of the stepwise multiple linear regression is to 
automatically select the most important variables from a large number 
of available variables to establish a predictive or explanatory model for 
regression analysis. SPSS software is used to help identify the most 
relevant variables of the regression model through a step-by-step 
introduction, evaluation and deletion of the variables [54]. Specif-
ically, the model would include the variable most highly correlated to 
the dependent variable at first. Then it will add the next most correlated 
variable until no further variables are significant. In this process, it is 
possible to delete a variable that has been included at an earlier step but 
is no longer significant. In the process of stepwise multiple linear 
regression, we employ commonly adopted evaluation indexes of 
regression algorithms as the evaluation metrics for the regression results 
[54]. The details of these indexes are as shown in Table 2: 

3.4. The analysis of expert assessment results 

3.4.1. Inter-rater reliability of subjective ratings 
Reliability measure results are summarized in Table 3. From their 

ICC values, most indicators including activity intensity (AI), activity 
diversity (AD), activity sustainability (AS) and overall vitality Fig. 9. Data preprocessing.  
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demonstrate substantial inter-rater reliability among panelists (0.8 >
ICCs > 0.6); the pedestrian emotion (PE) shows moderate inter-rater 
reliability (0.6 > ICCs > 0.2). For purpose of comparison, Cronbach’s 
alpha is also reported for these ratings. All of our indicators demonstrate 
high reliability (Cronbach’s alpha > 0.8) [52]. 

Of these, the reason why ‘PE’ shows lower ICCs is that the facial 
expressions of the people in clips are fuzzy, and panelists only perceive 
the atmosphere of the scene to assess emotion scores, which is highly 
subjective. There are two sample shown in Fig. 10: almost all wear 
masks and their facial expressions are invisible in Sample 1; in Sample 2, 
the expressions of those people walking in the opposite direction or 
sitting far away are also fuzzy. All of these would impact the judgment of 
experts. 

Most of all, the highest ICCs of the overall vitality value indicate that 
overall vitality score is more reliable than sub-indexes, which verifies 
the effectiveness of the overall rating method guided by sub-indexes. 

3.4.2. The relationship between the overall vitality and sub-indexes 
In order to further verify the efficiency of sub-indexes guidance for 

overall rating, we utilize stepwise multiple linear regression to explore 
the relationship between overall vitality and four subjective sub- 
indexes. In particular, independent variables are ‘AI’, ‘AD’, ‘AS’ and 
‘PE’, whereas the vitality score is the dependent variable. Table 4 

displays models produced in the process of stepwise multiple linear 
regression. Among them, Model 5 displays the optimal regression model 
results between sub-indexes and overall vitality. In addition, the 
adjusted R2 of the Model 5 reaches 0.869 and its goodness of fit is higher 
than all the other models. Its independent variables are ‘AD’, ‘AI’ and 
‘AS’. All the tolerances of these independent variables are larger than 0.1 
and all the VIFs are less than 10, which means that there is no multi-
collinearity between independent variables in Model 5 [55]. 

Through analyzing the Sig. of each independent variable, the 
regression coefficients of ‘AI’ and ‘AS’ are the most significant, followed 
by ‘AD’. Though the Sig. value of ‘AD’ is higher than 0.05, the model 
including this index has highest Adjusted R2 which also indicates the 
significance of ‘AD’. On the contrary, ‘PE’ has no significant association 
with vitality assessed by panelists and it is deleted. That is, panelists tend 
to pay little attention to pedestrian emotion when perceiving vitality. 
Therefore, apart from ‘PE’, the other three indicators appear to play a 
guiding role in assessing the overall vitality from different dimensions. 
The reason why ‘PE’ is ignored by panelists may be that they were 
affected by the vitality factors previously proposed, such as the number 
of people and staying time, and almost hardly took into account 
pedestrian emotion, and the facial blur led to the difficulty in identifying 
emotion in the clips. 

On the other hand, the values of standardized regression coefficients 
Beta of Model 5 show that ‘AI’, ‘AS’ and ‘AD’ have great contributions to 
the evaluation of vitality from panelists and their contributing degree 
minishes in order. That is, when the panelists evaluated the overall vi-
tality of each scene, they were likely to focus on vitality factors in Gehl’s 
theories [1,34]. The signs of the coefficients Beta are also as expected, 
panelists percept the larger activity intensity, activity sustainability and 
activity diversity, meanwhile, panelists tend to percept the larger vi-
tality and assign the larger overall vitality. In general, the vitality 
assessing results obtained through our vitality assessment method are 
consistent with the vitality connotation proposed by Gehl [1,34]. 

3.5. The analysis of vitality quantification indicators and model 

In order to verify the reliability of our quantitative vitality indicators, 

Table 2 
The evaluation metrics for the regression results.  

Evaluation Metric Definition 

B The estimate of the regression coefficients. 
Std.Error The standard error of the regression coefficients. 

Beta The normalized regression coefficients. It represents the degree of influence of the independent variable on the dependent variable. The larger Beta, the 
greater influence of independent variable. 

t The intermediate statistic in the T-test. T-test is the significance test of the coefficient of each independent variable (Beta) and is utilized to determine 
whether each independent variable is indeed linearly related to the dependent variable. The larger the test statistic, the less likely it is that the results 

occurred by chance. 
Sig. in T-test The final significance in T-test. It is generally used to measure the significance of Beta. Sig. ≥ 0.05 indicates that the coefficient of the independent 

variable has no statistical significance in this model, and the corresponding variable should be deleted from the regression model. Sig. < 0.05 indicates 
that it was statistically significant in the model and the variable should be retained. The lower Sig., the more significant the Beta of the independent 

variable. 
tolerate The measure of the severity of multicollinearity in multi-linear regression models. Multicollinearity means that one independent variable can be a 

linear combination of one or several other independent variables. If there is multicollinearity, the correlated variables should be deleted. tolerance <
0.1 indicates that there is a severe collinearity problem between independent variables [55]. 

VIF (variance inflation 
factor) 

The measure of the severity of multicollinearity in multi-linear regression models. VIF > 10 indicates that there is a severe collinearity problem 
between independent variables [55]. 

R2 The goodness of fit of the model to the truth value. R2 ranges from 0 to 1. The closer R2 is to 1, the higher the goodness of fit is. 
Adjusted R2 The adjusted goodness of fit. It is formulated by introducing the number of the independent variable to R2, so as to eliminate the influence of the 

number of independent variables on the goodness of fit. Since R2 will approach 1 as the number of independent variables increases, Adjusted R2 is 
commonly utilized to evaluate the goodness of fit. The closer Adjusted R2 is to 1, the higher the goodness of fit is. 

F The intermediate statistic in the F-test. F-test is the significance test of the linear regression result and is utilized to determine whether there are 
independent variables indeed linearly related to the dependent variable. 

Sig. in F-test The final significance in F-test. It is generally used to measure the significance of the model. Sig. can be obtained by querying F distribution table. Sig. ≥
0.05 indicates that the multi-linear regression result isn’t significant and the dependent variable has no linear correlation with any of the independent 
variables. Sig. < 0.05 indicates that the multi-linear regression result is significant, however, this does not mean that all independent variables are 

significant, so the T-test is essential.  

Table 3 
Inter-rater reliability for ratings of sub-indexes and overall vitality.   

Intra-class 
Correlation↑ 

95% 
Confidence 
Interval 

Cronbach’s 
Alpha↑ 

Activity Intensity .662 .544–.769 .915 
Activity Diversity .603 .481–.722 .883 

Activity Sustainability .631 .460–.764 .926 
Pedestrian Emotion .551 .381–.699 .898 

Overall Vitality .701 .595–.798 .921 

N 48    
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stepwise multiple linear regression is utilized to explore the relationship 
between the overall vitality and five quantitative vitality indicators that 
we propose. Furthermore, through the regression analysis, we establish 
the optimal vitality quantification model. In our stepwise multiple linear 
regression, independent variables are the number of people (num), the 
duration of stay (dur), motion speed (sp), trajectory diversity (TD) and 
trajectory complexity (TC) extracted by our vitality quantification 

system, whereas the overall vitality is the dependent variable. Table 5 
displays models produced in the process of stepwise multiple linear 
regression. Among them, Model 4 displays the optimal regression mode. 
In addition, the adjusted R2 of the Model 4 reaches 0.761 and its 
goodness of fit is higher than all the other models. Its independent 
variables include ‘num’, ‘dur’, ‘TD’ and ‘TC’ except ‘sp’. At the signifi-
cance level of 0.05, all variables of Model 4 are significant. All the 

Fig. 10. Samples of dataset.  

Table 4 
Regression model results between vitality and sub-indexes.  

Model Unstandardized Coefficients Standardized Coefficients t Sig. Collinearity Statistics Adjusted R2↑ 

B Std. Error Beta Tolerance VIF 

1 (Constant) 3.106 1.176  2.641 .011   0.717 
AD .865 .079 .850 10.949 .000 1.000 1.000 

2 (Constant) − .354 1.289  − .275 .785   0.794 
AD .679 .080 .668 8.480 .000 .707 1.415 
PE .358 .084 .337 4.274 .000 .707 1.415 

3 (Constant) − 2.769 1.193  − 2.320 .025   0.858 
AD .251 .115 .246 2.186 .034 .238 4.193 
PE .377 .070 .355 5.411 .000 .704 1.420 
AI .509 .111 .483 4.594 .000 .274 3.653 

4 (Constant) − 1.535 1.299  − 1.182 .244   0.867 
AD .210 .112 .207 1.871 .068 .231 4.325 
PE .087 .157 .082 .553 .583 .130 7.697 
AI .548 .109 .521 5.047 .000 .265 3.770 
AS .247 .120 .300 2.054 .046 .132 7.555 

5 (Constant) − 1.074 .988  − 1.087 .283   0.869 
AD .210 .111 .206 1.884 .066 .231 4.325 
AI .556 .107 .528 5.208 .000* .270 3.702 
AS .307 .051 .373 5.991 .000* .717 1.394 

a.Dependent Variable: OverallVitality. 
b.Model 5:N = 48, R = .937, R2 = .878, F = 105.301, Sig. = .000. 
c.*Sig. < 0.05. 

Table 5 
Regression model results between overall vitality and quantitative indicators.  

Model Unstandardized Coefficients Standardized Coefficients t Sig. Collinearity Statistics Adjusted 
R2↑ 

B Std. Error Beta Tolerance VIF 

1 (Constant) 9.825 .746  13.166 .000   0.618 
num .291 .033 .791 8.775 .000 1.000 1.000 

2 (Constant) 6.790 1.075  6.314 .000   0.696 
num .301 .030 .819 10.147 .000 .991 1.010 
dur .005 .001 .290 3.592 .001 .991 1.010 

3 (Constant) 5.967 1.035  5.767 .000   0.740 
num .221 .039 .602 5.708 .000 .497 2.011 
dur .004 .001 .236 3.069 .004 .934 1.071 
TD 1.742 .597 .308 2.918 .006 .496 2.014 

4 (Constant) 5.513 1.014  5.436 .000*   0.761 
num .214 .037 .582 5.729 .000* .493 2.027 
dur .004 .001 .254 3.420 .001* .923 1.084 
TD 1.734 .573 .307 3.027 .004* .496 2.015 
TC .015 .007 .159 2.189 .034* .967 1.034 

a.Dependent Variable: OverallVitality. 
b.Model 4:N = 48, R = .884, R2 = .781, F = 38.314, Sig. = .000. 
c.*Sig. < 0.05. 
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tolerances of these independent variables are larger than 0.1 and all the 
VIFs are less than 10. Therefore, there is no multicollinearity between 
independent variables in Model 4 [55]. In general, as important sup-
plements of vitality representation, ‘TD’ and ‘TC’ that we propose, are 
added into the vitality representation system to make the model fit 
better and the representation system more perfect. Particularly, 
compared with model 2, it can be inferred that ‘num’ and ‘dur’ cannot 
fully reflect small public space vitality and combining four quantitative 
indicators in the model can better characterize urban vitality. 

Through analyzing the Sig. of each independent variable, the 
regression coefficient of ‘num’, ‘dur’, ‘TD’ and ‘TC’ have statistical sig-
nificance in vitality prediction model. However, the regression coeffi-
cient of ‘sp’ isn’t significant and it is deleted. Through analyzing ‘sp’ and 
‘dur’, we find that ‘sp’ is the moving speed of pedestrian passing by and 
passing is usually a necessary behavior which makes a smaller contri-
bution to vitality creation, but ‘dur’ is the staying time of who partici-
pated in fixed or continuous behaviors which have great potential for 
vitality creation. Thus the regression result is in line with Gehl’s theory 
[34]. Further discussions are reported in Section 4. 

In addition, based on the regression analysis, we also obtain the 
optimal vitality quantification model as shown in Eq. (23) and the 
standardized model is as shown in Eq. (24). The signs of the coefficients 
B in the quantification model are as expected, a place would appear 
lively if there are many people or fewer people staying for longer du-
rations. Diverse trajectory, that is, rich behavior categories add to space 
vitality. Moreover, the higher the trajectory complexity is, the more 
optional and social activities, and space vitality is very possible to be 
greater due to the considerable potential of optional and social activities 
for vitality creation. On the other hand, in Eq. (24), the values of Beta 
show that ‘num’, ‘dur’, ‘TD’ and ‘TC’ have great contributions to the 
representation and prediction of vitality, and their contributing degree 
minishes in order. Therefore, according to the analysis of our regression 
results and the optimal vitality quantification model, a place would 
appear vibrant, if large numbers of people participate in diverse activ-
ities and these activities are mainly optional activities and social activ-
ities with long duration. In general, the regression results are consistent 
with the vitality theories of Gehl [1,34]. 

vitality= 0.214num + 0.004dur + 1.734TD + 0.015TC + 5.513 (23)  

vitality∗ = 0.582num∗ + 0.254dur∗ + 0.307TD∗ + 0.159TC∗ (24)  

4. Discussion 

In this paper, we construct a video dataset of small public spaces 
based on people-oriented vitality assessment method of experts in which 
sub-evaluation indexes guide overall vitality scoring. Furthermore, 
through extraction and exploration of human trajectories in video data, 
we propose a systematic vitality quantification system that is composed 
of number of people, motion speed, duration of stay, trajectory diversity 
and trajectory complexity. 

Since the expert assessment of overall vitality is the basis of our 
experimental analysis, we utilize the intra-class correlation coefficient to 
verify the reliability of expert assessment results at first. And the 
experimental results demonstrate that assessment results have sub-
stantial reliability and the guidance of sub-evaluation indexes and pro-
posed expert scoring process effectively improve scoring consistency 
and reliability. In addition, through analyzing the correlation between 
sub-evaluation indexes and vitality values, we verify that the panelists 
comprehensively pay attention to activity intensity, activity sustain-
ability and activity diversity during overall vitality assessment. These 
results also indicate that our vitality assessment system makes panelist 
perception focus coherence with the vitality connotation [1] proposed 
by Gehl. However, it can also be noticed that panelists pay little atten-
tion on pedestrian emotion during assessing vitality. Therefore, how to 
improve the inter-rater reliability and how to make panelists take 

account of pedestrian emotion still need to explore. In addition, 
although our expert scoring method can guide experts to be more 
familiar with videos and indicators, and better grasp the overall distri-
bution, it takes time and effort to circulate repeatedly. We also need to 
study to reduce the assessing complexity. 

Meanwhile, through analyzing the correlation between proposed 
quantitative vitality indicators and overall vitality, we obtain the 
optimal vitality quantification model and it is certified that number of 
people, duration of stay, trajectory diversity and trajectory complexity 
make significant contributions to the representation of vitality. How-
ever, motion speed(sp) is insignificant to the overall vitality in our 
dataset including various behaviors. Nevertheless, ‘sp’ is also an effec-
tive indicator to quantify the vitality relevant to the passing pedestrian 
and it is likely to represent the vitality of other public spaces whose main 
crowd are pedestrians. Thus, ‘sp’ is still significant for vitality researches 
to quantify vitality comprehensively in the future. And our optimal 
model can better represent vitality than the model composed with 
shallow attributes (i.e., number of people and duration of stay), which 
further demonstrates the effectiveness of sophisticated trajectory di-
versity and trajectory complexity. The optimal model also indicates that 
the contribution of quantitative vitality indicators to vitality creation 
minishes in order of number of people, activity diversity, duration of 
stay and trajectory complexity and these four quantitative indicators 
have positive influences on vitality creation. That is, a vibrant public 
space should firstly have the ability to attract a large number of people. 
Secondly, it should provide opportunities for people to participate in 
various activities. And then, it should attract people to participate in 
continuous activity and stay for a long time. Lastly, it should provide 
opportunities for optional behaviors and social behaviors which have 
greater contributions for vitality creation than necessary behavior. 
These results are consistent with the vitality connotation [1] proposed 
by Gehl. Since both of expert scoring sub-indexes and quantitative in-
dicators are mainly based on Gehl’s researches [1,34], there are implicit 
correlations between them. However, on the one hand, sub-indexes are 
the conceptual description of vitality. And panelist assessment is a 
traditional vitality evaluation from the perspective of urban planner. 
Quantitative indicators are numerical and objective statistics of human 
activities representing vitality. And the vitality quantification is a vi-
tality evaluation method based on computer vision. On the other hand, 
panelists do not know the quantitative indicators and the scores of 
sub-indexes have no direct effect on the final vitality values. That is, the 
two approaches evaluate vitality from different perspectives in parallel. 
Therefore, these implicit correlation does not affect the reasonability of 
regression analysis and the validity of the vitality quantitative indicator. 
Therefore, our method is effective and it is convenient for urban de-
signers and planners to grasp the representation of spatial vitality more 
accurately and efficiently. However, we should always be aware of the 
biases of these data sources, such as sampling bias. Due to the limitation 
of data acquisition, we only studied a 1-min video of each space. That is, 
we only analyze the spatial vitality of a current observation point in 
time. Future work includes exploring the urban vibrancy over a longer 
period and how the vitality changed over time. 

5. Conclusion 

Small public spaces are important places for citizens to live and so-
cialize and with a high utilization rate. The vitality of small public space 
not only reflects the happiness of citizens but also determines whether 
the physical environment of space is lively or attractive on the human 
scale. Meanwhile, convenient video data collection and high- 
performance computer vision methods provide opportunities to quan-
tify small public space vitality from the individual perspective. There-
fore, we propose five quantitative vitality indicators of small public 
spaces based on individual trajectory data which is extracted from 
videos with computer vision algorithms. The five indicators are the 
number of people, motion speed, the duration of stay, trajectory 
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diversity and trajectory complexity. Meanwhile, we collect a video 
dataset of small public spaces and propose a people-oriented expert 
assessing system to assess the overall vitality and construct a vitality 
dataset. And through analyzing the correlation between the overall vi-
tality and these five indicators, we obtain the optimal vitality quantifi-
cation model. The experimental results indicate that the guidance of our 
expert assessment method efficiently improves the reliability of overall 
vitality assessment. And our vitality quantification model yields higher 
goodness of fit to the overall vitality than the model constructed with 
shallow attributes which are the number of people and staying, which 
also verify the great contribution of trajectory diversity and trajectory 
complexity. 

Based on our extensive experiments, we can conclude that our vi-
tality quantification method is feasible for fine-scale and comprehensive 
spatial-temporal vitality research, and it is convenient to objectively 
measure vitality as a uniform and independent variable, which is ur-
gently needed. Moreover, due to the accessibility of data collection, it 
can be used to analyze the small public spaces in different areas and 
time. The subjective expert assessing system proposed in this article 
presents a method to assign vitality labels for small public spaces ac-
cording to multidimensional representation factors. Researchers can 
measure the effectiveness of their proposed vitality evaluation method 
using vitality labels to improve their methods. 
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